Sensors were applied in an office building to obtain information regarding user presence and absence intervals. Occupancy was also recorded by manual observation, and indoor parameters such as air temperature, relative humidity, carbon dioxide (CO 2 ), volatile organic compounds (VOC) were monitored. Occupants' behaviors regarding door/window (open/closed) and electric power were considered. Clustering analysis by manual observation was employed to identify similarities in daily or monthly occupancy and to describe possible occupancy profiles. Similar approach was carried out with each monitored parameter and the results of clustering elaboration were compared with the real occupancy profiles to identify which sensor is more effective to measure office occupancy. Furthermore, data were analyzed to explore relationships between occupancy and the magnitude of indoor environmental changes with the objective to identify daily, weekly, or monthly patterns. Singlelinkage, complete-linkage, and average-linkage clustering were applied to each dataset. The cophenetic correlation coefficient was used to verify the quality of the results obtained for each variable, and the complete linkage was selected to define the groups. Comparison between occupancy real data clustering and VOC and open/closed door groups demonstrated not similarities. The electricity consumption and CO 2 data showed some similarities.
or the specific individual in the room. The real occupancy patterns in buildings may differ significantly from each other. Gathering data on occupants-building interaction is a new horizon for achieving energy efficiency in the building sector.
Occupants emit heat, pollutants such as carbon dioxide (CO 2 ) and odor, and generate sound to the space. These interactions and their effect on the indoor environment can be measured via pertinent environmental sensors (Dong et al. 2010) . As the human presence emits heat and pollutants, it is related to the indoor environment (Page et al. 2008 ). Zhang et al. 2012 , concluded significant correlations between the occupancy and the environmental variables with values of 35.70% for CO 2 , 32.49% for relative humidity and 11.98% for temperature.
Information regarding the occupancy level can be found also through sensor networks. Dong et al. 2010 , investigated the use of ambient sensors for detecting the number of occupants in an office building. The experimental setup was divided into three separate sensor network systems: the wired sensor gas detection network, which measures carbon dioxide (CO 2 ), carbon monoxide (CO), total volatile organic compounds (TVOC), outside temperature, dew point, small particulates (PM2.5); a wireless ambient-sensing network, which measures lighting, temperature, relative humidity (RH), motion detection and acoustics; and an independent CO 2 sensor network. The authors concluded that there are significant correlations between measured environmental conditions and occupancy status, in particular with humidity, acoustics, and CO 2 . However, no significant correlation with temperature data was reported.
Also, Dong and Lam 2011 showed significant correlations between measured environmental conditions and occupancy status, specially acoustics and CO 2 measurements. Also, they found that occupant´s presence has a direct effect on the air quality indexes (temperature, CO 2 , and humidity levels) (Ebadat et al. 2013 ). Overall, the analyzed case studies demonstrated that presence and habits of occupants influence the use of equipment and indoor conditions. The present work study this correlation by constructing an experimental setup consisting in instrumentation for measuring environmental quantities, electricity consumptions, and occupancy by following the criterion of sensor fusion. Here we will focus on the analysis of occupancy regarding CO 2 , electricity consumption, and open/ closed door measures.
The paper is structured as follows: presentation of the experimental setup, description of the measured environmental parameters, and application of clustering analysis. DOI 
Sensors characteristics and positioning
The sensors' location was carefully selected to ensure that the instruments are trig- Table   1 gives the characteristics of the sensors used for the experimental setup.
Occupancy Manual Observation
Data collected for weekdays, holidays and weekends from May 13 through September 30, 2016 were used. The range of data was limited to working days (from Monday to Friday) from 8:00 to 21:00. In addition to the sensor measurements, people recorded manually their presence each minute. The sequences in turn are constructed by 780 characters, one for each 1-minute time step, with a value that corresponds to binary data (1 is Occupied and 0 is unoccupied). Furthermore, the analyzed days were divided into time slots: morning (08:00-13:00), lunch time (13:00-15:00), afternoon (15:00-21:00) and all day (08:00-21:00). The days were identified with the first letter of the month, then the day of the week and the number of days (e.g. JF24 is Friday, June 24). typ. @ 25
typ. @ 25 ∘ C ± 3% rH max. @ 0..50
Clustering Analysis
Clustering is the unsupervised classification of patterns (observations, data items, or feature vectors) into groups (clusters). A distance measure is a metric (or quasi-metric) on the feature space used to quantify the similarity of patterns. In the single link method, the distance between two clusters is the minimum of the distances between all pairs of patterns drawn from the two clusters, while in the complete-link algorithm, the distance between two clusters is the maximum of all pairwise distances between patterns in the two clusters ( Jain et al. 1999 ).
The cophenetic correlation coefficient is used to compare the results of clustering the same data set using different distance calculation methods or clustering algorithms (Aldenderfer and Blashfield 1984) .
The authors applied single-linkage, complete-linkage and average-linkage clustering on the dataset for three different hours combinations of the edit distance. The cophenetic correlation coefficient was used to verify the quality of the results obtained for each variable, and the complete-linkage was selected to define the groups.
The statistical software R (R Development Core Team 2014) was used for the statistical analysis. 
Results and Discussion

Measured data and Correlation with Occupancy
Clustering Analysis application
By considering the results of the correlation between variables, three parameters were identified and used in the cluster analysis to identify similarities in the days and possible occupancy profiles and determine the minimum quantity of sensors necessary to define the occupancy patterns. Three clusters were identified for all day schedule and two clusters for the other time slots. For reasons of brevity, this paper only presents the dendrogram results for occupancy data by considering the all day schedule.
Occupancy
Hierarchical clustering found different occupancy profiles for each time slot. The cophenetic correlation coefficients and the distance used for each method are listed in Table   2 . The method that presents the highest value of the cophenetic correlation is the complete, and the results of this approach are presented for each parameter and compared with clustering of real occupancy data. For all combinations, single-linkage clustering performs the worst and complete-linkage clustering performs the best (Table 2 ).
In addition to the cophenetic correlation, a visual inspection of each dendrogram was done, and the results confirm that the complete method provides well-defined clusters for each time slot. In the dendrogram for all day slot, three clusters were identified and defined as three occupancy levels: low level with a mean daily occupancy of 3.8 hours, medium level with mean occupancy of 5.9 hours and high level with 6.4 of mean daily occupancy hours. For the first cluster, 36% of cases are Monday, in the second cluster 27%
are Tuesday, and in the last cluster, 50% of cases are Friday. Figure 3 presents the dendrogram obtained for each method. In particular, Figure 3b shows the three clusters identified by different colors for each occupancy level.
Electrical usage
Daily measurements of electric power were clustered in the same way as occupancy data. Visual inspection of the dendrograms showed the similarities reported in Table 3 .
For the all day period, similarities were found between the medium occupancy profile and two electric power clusters (42% and 88% respectively) and with high occupancy and another cluster (67%).
For lunch time, non-similarities were found. A possible explanation is that when the user leaves the office for lunch, equipment is not turned off. For morning and afternoon period, clusters were in accordance in more than a half of cases. 
CO 2 values
The occupancy and CO 2 clusters are compared in Table 4 . In the diverse time slots, correspondences were found: for all day the occupancy was registered as medium and high, while in the other intervals the presence can be identified in case of low and high level. 
Door Status
Magnetic reed switch to detect door open/close events are used for binary occupancy detection. Table 5 summarizes the similarities between groups. For all day the occupancy was registered with low and medium level almost in the same percent and for other intervals more than 50% of the presence can be identified as low or high. 
Conclusions
In this article, the authors conducted a preliminary analysis of occupancy in an office by using human in-the-loop with manual observations method and sensor network data.
Data processing allowed to identify typical occupancy profiles for an office university building and, at the same time, which sensor is more suitable to describe occupancy characteristics.
The comparison between occupancy real data clustering and VOC and open/closed window groups did not demonstrate similarities. Otherwise, electricity consumption, carbon dioxide, and door status showed some similarities, confirming that occupancy profiles could be estimated with a single sensor installation. On the other hand, the quality of the results is affected by the limitations of lack of fine-grained granularity related to the characterization of the spatial resolution of occupancy information which can be obtained.
